A new method of estimating the interfacial tension of transformer oil, using ultraviolet-to-visible spectroscopy and two artificial intellegence models, is proposed.
Introduction
Reliable monitoring and diagnostic techniques for detecting transformer incipient faults are required to help in avoiding catastrophic failures, and to inform an efficient predictive maintenance program, which improves the reliability of the equipment [1] , [2] . The overall health of an operating transformer depends largely on the condition of its insulation system [3] . Long-term degradation of an insulation system occurs mainly through heating (pyrolysis), moisture ingress (hydrolysis), and air ingress (oxidation) [4] , [5] . Incipient faults within a transformer can be detected by analyzing samples of its insulating oil, e.g., using dissolved gas analysis and furan analysis [6] - [8] . Interfacial tension (IFT) and acid number measurements may also be used to examine the oil quality [9] . Although polar compounds in transformer oil usually have little or no acidity, they can react to form acids, which increases the rate of insulation paper aging. IFT and acid number measurements can therefore provide early warning of such aging [10] .
The ASTM D971 standard (Interfacial Tension of Oil Against Water by the Ring Method) is widely used to measure IFT of insulating oil [11] , [12] . Soluble polar contaminants and degradation products affect the physical and electrical properties of the insulating oil [11] , [12] , thereby lowering the IFT. According to the ASTM D971 standard, a planar ring of platinum wire with circumference d is immersed in a container filled with water and insulating oil. The force F required to move the ring 10 mm upward through the oil-water interface is measured, and the IFT of the oil is then given by F/d [12] . The IFT of new insulating oil is expected to be in the range 40 to 50 mN/m; an oil sample with an IFT value less than 25 mN/m is considered to be approaching the end of its useful service lifetime [13] .
The IFT measurement technique requires great care. Wrong or inconsistent data are likely to be obtained if the precautions mentioned in [12] are not carefully and completely observed.
A trained person is required to make the measurements, using an expensive piece of equipment, so in nearly all cases, the oil samples have to be sent to an external laboratory.
In this article we propose an alternative method of measuring the IFT of transformer oil, using ultraviolet-to-visible (UV-Vis) spectroscopy and artificial intelligence. The UV-Vis spectrum of the oil can be measured very quickly onsite, using equipment that is much less costly than that described in [12] , and special training is not required to make the measurements, which can be automated if required. An artificial neural network (ANN) and a fuzzy logic model have been developed to analyze the UV-Vis spectral data. The IFT values are compared with those obtained using the ASTM D971 standard method. The accuracy of the two artificial intelligence models is tested using another set of oil samples with a wide range of IFT values.
Proposed UV-Vis Spectroscopy Method
Spectroscopic measurements play an important part in various power transformer condition monitoring applications [6] , [14] - [17] . They are also widely used to determine energy levels in atoms and molecules [18] - [20] . We made IFT measurements on several samples of transformer oil, using UV-Vis spectroscopy in accordance with ASTM E275 [21] . Our UV-Vis spectroscopy experimental setup is shown in Figure 1 .
A light beam (wavelength λ in the range 200-1,100 nm) travels through an optical fiber and enters the oil sample, which is placed in a cuvette. The light interacts with the oil, and the transmitted light passes through a second optical fiber and enters the spectrometer, which is connected to a computer that displays and analyzes the spectral response of the oil sample. The light absorbance A λ of the oil sample at wavelength λ is related to the ratio of the light intensity transmitted through the oil sample to the light intensity incident on the sample. According to the BeerLambert Law [19] ,
where S λ is the light intensity transmitted through the sample, R λ is the light intensity incident on the sample, D λ is the intensity detected by the spectrometer with no light incident on the sample, ε λ is the absorbance coefficient of the absorbing species (or molecule) in the oil, c is the concentration of the absorbing species in the oil (g/L), and l is the path length of the light through the oil.
Experimental
IFT measurements were made, following the ASTM D971 ring method, on 55 mineral oil samples collected from inservice transformers of various ratings, operating under various conditions, and with various times in service. All samples were Shell Diala BX containing an additive to retard oil oxidation and delay the formation of acids and sludge [22] . Absorption spectroscopy measurements were then made at 20°C on the same samples, using a laboratory-grade spectrophotometer in accordance with ASTM E275 [21] , [23] . To evaluate the effect of the cuvettes containing the oil samples on the measurements, an empty cuvette was scanned and its spectrum stored as a reference. Approximately 2.0 mL of each oil sample was then placed in a cuvette and scanned. The difference between this spectrum and the reference spectrum yields the true oil absorbance characteristics at various wavelengths from 200 to 1,100 nm. In order to avoid contamination of the oil, all samples were handled and stored in accordance with ASTM D923 [24] and measured within 1 to 2 days after extraction from the transformer. Samples of oil absorbance spectra are shown in Figure 2 , where the encircled number is the IFT value of the sample in millinewtons per meter. It will be seen that, as the IFT value falls, the peak absorbance rises, and the increase in absorbance is maintained across the "flat top" of each plot. A new oil sample with an IFT of 40 mN/m exhibits the lowest peak absorbance and the narrowest bandwidth.
The impact of acidity [25] on spectral response was also examined. IFT and acid number are shown in the 3-D plots of Figure 3 as functions of peak absorbance and the longest wavelength at which absorbance could be detected. There is no consistent correlation between acid number and either of these two quantities. However, as shown in Figure 3 , the peak absorbance and the longest wavelength at which absorbance could be detected increased with decreasing IFT [26] .
Artificial Intelligence Models
An artificial neural network model and a fuzzy logic model have been developed to investigate the correlation between [26] .
the IFT of an oil sample and its spectral response parameters (bandwidth and peak absorbance).
ANN Model
An ANN is a machine learning technique modelled on biological neurons. Its weighted inputs determine the activation of the artificial neuron, using a mathematical function [27] . The output of the neuron is determined by another mathematical function, and depends on certain predetermined threshold limits. Since an ANN is "self-taught," and has the ability to deal with complex situations, it has been implemented for various applications, e.g., predicting the furan content of transformer oil [28] , transformer failure diagnosis [29] , and analysis of gases dissolved in transformer oil [30] .
Basic ANN architecture consists of an input layer, a hidden layer, and an output layer. In this work the input layer consisted of two components, namely, the bandwidth and peak absorbance of the transformer oil, the hidden layer consisted of 20 neurons, and the output was the predicted IFT value (Figure 4) .
The network was trained using the Levenberg-Marquardt back propagation algorithm [27] , which adopts supervised learning in order to correlate the independent input variables (peak absorbance and bandwidth of the absorption spectrum) and the dependent output variable (IFT value of the oil). Random weightings of the neurons were carefully adjusted to minimize the difference between the measured and estimated IFT values. Due to the limited amount of input and output data, a crossvalidation method was used to validate the ANN model [31] ; it minimizes biasing error between the estimated and measured IFT values, and enhances the correlation coefficient between the input and output parameters.
The oil samples were randomly divided into three sets: 39 for training purposes, 8 for validation of the ANN, and 8 for testing the performance of the ANN. The training set was used to determine the weights of the neurons, the validation set was used to determine the optimum number of neurons in the hidden layer, and the testing set was used to evaluate the overall performance of the ANN model.
Fuzzy Logic Model
Fuzzy logic is frequently used in modeling nonlinear or complex systems [32] . It uses variables, usually in the form of words, that are manipulated using logic rules, such as "IF-THEN." Fuzzy logic system architecture consists of five main elements, namely, fuzzification, membership function, fuzzy inference engine, fuzzy rules, and defuzzification, as shown in Figure 5 . A brief description of these five elements follows:
• Membership functions. There are different types of membership function, such as triangular, trapezoidal, and Gaussian. As an example, if men's height is divided into three levels, above 170 cm being Tall, 170 to 150 cm being Normal, and less than 150 cm being Short, then Height is a fuzzy set and Tall, Normal, and Short are the membership functions of that fuzzy set.
• Fuzzification is the process of allocating the input data among the membership functions. Thus, in the above example a man with a height of 140 cm is allocated to the Short membership function of the Height fuzzy set. • Fuzzy rules are conditional statements, e.g., "IF-THEN" or "IF-AND-THEN," that associate one or more variables with each other. Thus, IF(man is short) AND (man is heavy) THEN (man is overweight).
• Inference engine converts the fuzzy inputs to the fuzzy outputs using predefined fuzzy rules.
• Defuzzification is the process of converting the membership functions of a fuzzy set to an output with a quantitative value. A common defuzzification method is the center of gravity (COG) method, defined by [32] 
where Z COG is the defuzzified output, µ z is the membership function of the output fuzzy set determined from the input data and the developed fuzzy rules, and z is the output variable of the fuzzy system.
In this work, the input variables to the fuzzy logic model were the bandwidth (BW) and peak absorbance level (ABS) of the oil sample spectrum, and the output of the model was the estimated IFT of the oil sample. The proposed fuzzy logic model was built using the MATLAB graphical user interface tool box. Each input was fuzzified into five Gaussian membership functions, i.e., low, low-medium, medium, high, and extreme high for ABS, and too small, small, medium, big, and too big for BW, as shown in Figure 6 . The IFT output variable was represented by the five triangular membership functions very good, good, marginally critical, bad, and very bad. Oil samples with IFT greater than 40 mN/m were considered very good, and oil samples with IFT less than 17 mN/m were considered very bad.
Twenty-five fuzzy logic (IF-AND-THEN) rules were developed, based on the known correlation between IFT and the spectral parameters BW and ABS, as shown in Figure 3 . The fuzzy logic rules are illustrated graphically in Figure 7 ; the IFT value can be obtained for any pair of ABS and BW values. Samples of these rules are as follows:
• Rule 1: IF (ABS is low) AND (BW is low) THEN (IFT is very good),
• Rule 2: IF (ABS is low) AND (BW is low-medium) THEN (IFT is very good), and • Rule 3: IF (ABS is high) AND (BW is high) THEN (IFT is very bad).
Thus, if ABS = 1.71 and BW = 377 nm, then Rule 7 [IF (ABS is low-medium) AND (BW is small-medium) THEN (IFT is good)] is executed, and an estimated IFT of 33 mN/m is obtained using COG defuzzification, as shown in Figure 8 . 
Results
Figures 9 and 10 show the estimated IFT as a function of ABS and BW, according to the ANN and fuzzy logic models, respectively.
Accuracy Analysis
Fifteen oil samples collected from various transformers operating under different conditions were used to examine the accuracy of the proposed models. The IFT of each sample was measured following ASTM D971. The UV-Vis spectral response of each sample was also obtained, and BW and ABS used as input data to the artificial intelligence estimation models. The resulting IFT values were then compared with the ASTM D971 values (Figure 11 ).
The percentage difference A between IFT ASTM D971 and IFT est (fuzzy IFT or ANN IFT) is given by
where IFT ASTM D971 is the IFT measured using ASTM D971 and IFT est is the IFT obtained using the ANN or the fuzzy logic model. Averaged over the 15 samples, A was 3.38% for the ANN model and 3.25% for the fuzzy logic model. The overall accuracy, i.e., the ratio of the number of correctly estimated IFT values (where A is less than 5%) to the total number of tested samples, was 80 and 87% for the ANN and fuzzy logic models, respectively. 
Comparison Between ASTM D971 Ring Method and UV-Vis Spectroscopy
The proposed UV-Vis spectroscopy method and the existing ASTM D971 method are compared in Table 1 .
Conclusion
We have described a novel technique for estimating the IFT of mineral transformer oil samples, using UV-Vis spectroscopy. It is known that there is a strong correlation between the IFT of the oil and two of its spectral response parameters, namely bandwidth and peak absorbance. We have developed two artificial intelligence models to map this correlation. Our technique offers the advantages that it can be used on site, does not need specially trained personnel to make the measurements, has negligible running costs, and can be readily implemented on-line for continuous monitoring of the condition of the oil. 
